This study investigates the contagion effects of the 2007-2009 global financial crisis across multiple asset markets and different regions. It uses daily return data of six asset classes: stocks, bonds, commodities, shipping, foreign exchange and real estate. A robust analysis of financial contagion is provided by estimating and comparing asymmetric conditional correlations among asset markets during stable and turmoil periods. Results provide evidence on the existence of a correlated-information channel as a contagion mechanism among the U.S. stocks, real estate, commodities and emerging Brazilian bond index. The findings also support the decoupling of BRIC equity markets from the crisis, the diversification benefits of shipping and foreign exchange value of the U.S. dollar indices, and the existence of a flight to quality mechanism from risky U.S. assets to German bonds. This evidence has important implications for portfolio diversification strategies and the future work of policymakers. (JEL: C32, F30, G15) 
I. Introduction
The recent financial crisis, triggered by the collapse of the U.S. mortgage market in July 2007, spread rapidly into Europe and other regions and has become a global crisis. It has affected both financial systems across the globe and economic activities in virtually all developed and emerging market economies (EMEs). Its magnitude and transmission characterized it as the worst financial crisis since the Great Depression of the 1930s.
There is, apparently, a consensus over the fact that contagion is present during the 2007-09 global financial crisis (GFC, hereafter). However, the extent and intensity of contagion across asset markets around the world, as well as the changes of the dependence structures between U.S. and other financial markets are empirical issues still under investigation. Moreover, some argue that the contagion effect on EMEs has been muted and uneven (supporting the decoupling hypothesis), in part because the use of structured products was much less prevalent. On the other hand, others claim that distant events in the United States can have sharp impacts on EMEs due to the increasing global financial integration.
Generally, financial contagion is defined as an episode in which there is a significant increase in cross-market linkages after a shock occurs in one market (Forbes and Rigobon, 2002; and Kaminsky, Reinhart and Vegh, 2003, among others) . There is an extensive literature on financial contagion during several crises occurred within the last three decades (see for example, Meric and Meric, 1997; and Kenourgios, Samitas and Paltalidis, 2011, among others) . This literature has focused mainly on contagion effects across markets in different countries. Contagion, however, is possible in virtually any set of asset markets. 1 This study investigates in a broader framework the existence of the correlated-information channel as a contagion mechanism for the GFC, 1. The contagion literature identifies at least three possible mechanisms by which shocks in one market may spillover into other markets. First, a correlated-information channel, where contagion can be viewed as the transmission of information from more-liquid markets or markets with more rapid price discovery to other markets (Kaminsky, Reinhart and Vegh, 2003, among others) . Second, a liquidity channel, through which contagion occurs through a liquidity shock across all markets (Brunnermeier and Pedersen, 2009, and others) . Third, a risk-premium channel, through which contagion occurs as negative returns in the distressed market affect subsequent returns in other markets via a time-varying risk premium (Acharya and Pedersen, 2005, and others). where a shock to one financial market (source of contagion) signals economic news that is directly or indirectly relevant for security prices in other markets. It uses six different asset classes: stocks from several regions (aggregate stock indices for Developed Europe, Developed Pacific, Emerging Europe, Emerging Latin America, Emerging Asia and BRIC), bonds (German ten-year Bund and Brazilian twenty-year bond indices), commodities (S&P Goldman Sachs Commodity Index), shipping (Baltic Dry Index), foreign exchange (Trade Weighted Exchange index-TWEI) and real estate (MSCI Real Estate Investment Trust-REIT index). The U.S. equity market (S&P500) and the U.S. real estate (MSCI REIT) are considered as sources of contagion. The analysis provides a global perspective as it uses aggregate stock and bond market indices from both developed and emerging regions, and representative global indices of commodities, shipping and foreign exchange. Understanding the nature of the time variation in the correlations between different assets has crucial implications for asset allocation and risk management.
Early research on financial contagion used a range of different methodologies, such as cointegration and vector error correction models, models of interdependence, ARCH and GARCH specifications, models of asymmetries and nonlinearities, principle components and spillover models and the correlation breakdown analysis (Dungey et al., 2005) . However, since the thought-provoking paper of Forbes and Rigobon (2002) , scholars have been using more advanced techniques to avoid the restrictions of the above approaches (a heteroskedasticity problem when measuring correlations, a problem with omitted variables, contagion must involve a dynamic increment in correlation, e.t.c.). These are dynamic conditional correlation-DCC models (Chiang, Jeon and Li, 2007; Kenourgios, Samitas and Paltalidis, 2011) , regime switching models (Boyer, Kumagai and Yuan, 2006) and copulas with and without regime-switching (Okimoto, 2008) .
To provide a robust analysis of financial contagion, the asymmetric generalized dynamic conditional correlation (AG-DCC) model developed by Cappiello, Engle and Sheppard (2006) , who generalized the DCC-GARCH model of Engle (2002) , is employed. This process has several advantages over other members of GARCH family models. 2 2. A large body of literature applies several variants of GARCH models to accommodate the possibilities of non-normalities and asymmetries in the variance of returns (see for example, Bekaert, Harvey and Lumsdaine, 2002) . However, most of the GARCH family models assume that correlation coefficients are constant over the sample period, while More specifically, it interprets asymmetries broader than just within the class of GARCH models (does not assume constant correlation coefficients over the sample period), allows for series-specific news impact and smoothing parameters, permits conditional asymmetries in correlation dynamics and accounts for heteroskedasticity directly by estimating correlation coefficients using standardized residuals. Moreover, this specification overcomes the problem with omitted variables (e.g., economic fundamentals, risk perception and preferences, especially in EMEs), while it is well suited to investigate the presence of asymmetric responses in conditional variances and correlations during periods of negative shocks.
This approach is motivated by the standard definition in the literature of contagion as a change in the linkages between markets following a distress event above and beyond what can be explained by fundamentals. To test for the existence of a correlated-information channel as a contagion mechanism, this study examines whether average conditional correlations among markets, and especially between the "crisis" indices returns (U.S. S&P 500 and REIT) and the returns of other market indices, increase during the crisis period. Moreover, we examine the dynamic patterns of correlation changes during the turmoil period by regressing the estimated time-varying conditional correlations with a constant and a "crisis dummy" variable. To identify the crisis period, key financial and economic news events from official data sources are used (Federal Reserve Bank of Saint Louis, 2009; and Bank for International Settlements, 2009 ). This allows examining directly whether cross-market linkages during the 2007-2009 GFC (crisis period) differed from those during the pre-crisis period (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) . The results indicate the existence of a contagion mechanism among the U.S. stocks, real estate, commodities and emerging Brazilian bond index. The findings also support the decoupling of BRIC equity markets from the developed U.S. and Pacific equity market indices, the diversification benefits of shipping and foreign exchange value of the U.S. dollar indices, and a flight to quality from the U.S. assets (stocks and real estate) to the German Bund.
This study contributes to the literature in the following aspects. First, it sheds new light on the contagion literature by examining the existence of an asymmetric propagation mechanism across global asset markets during the GFC. The AG-DCC GARCH model is well suited to examine their multivariate variants suffer from the curse of dimensionality. asymmetric conditional correlation dynamics (stronger contagion during negative shocks) and elucidates how vulnerable different asset classes are to global shocks. This approach has not been used before to examine contagion effects among asset markets during the GFC, to the best of our knowledge. Second, this study differs from the existing literature, since it uses an extensive data set of six asset markets. In this broader framework, this study identifies which of the asset markets are more prone to financial contagion. Third, the analysis of contagion of the GFC is also of great importance, given the existing debate on whether the contagion effect on EMEs has been muted and uneven (decoupling hypothesis) or not.
The structure of the paper is organized as follows. Section II presents the literature review and section III provides the methodological issues applied in this study. The data used for the empirical analysis and the crisis period identification are presented in section IV. Section V reports the empirical results. Finally, concluding remarks are stated in section VI.
II. Literature Review
In the literature, it is widely recognized that correlations and linkages among different asset classes evolve over time as macroeconomic conditions change and new information is released (see for example, Brenner, Pasquariello and Subrahmanyam, 2009, among others) . The literature on the international impact of the GFC on global asset markets is still developing. Dungey et al. (2008) propose a model capable of fitting a series of crisis episodes occurred in the 1998-2007 period, uncovering evidence of contagion in all cases, with signs of serious contagion during the Russian and the U.S. subprime crises. Fry, Martin and Tang (2008) confirm the existence of contagion in the context of the U.S. subprime crisis, utilizing Markov switching models. Dooley and Hutchison (2009) provide evidence on the decoupling of emerging markets from early 2007 to summer 2008, while thereafter responded very strongly to the deteriorating situation in the U.S. financial system and real economy. Bekaert et al. (2011) analyze the equity market transmission of the 2007-09 GFC to sector portfolios in 55 countries and support that the crisis did not seem to have spread indiscriminately across countries and economic sectors. Kenourgios and Padhi (2012) focus on both equity and bond markets of emerging economies around the world and provide evidence on the contagion effects of the subprime crisis, the global impact of the Russian default, the regional aspect of the Asian crisis and the isolated nature of the Argentine turmoil. Baur (2012) studies the transmission of shocks from the financial sector to ten non-financial sectors in 25 major developed and emerging stock markets and finds that no country and sector was immune to the adverse effects of the GFC.
Longstaff (2010) provides strong evidence of contagion in financial markets (CDOs, stock market, treasury bonds, corporate bonds), and supports that financial contagion was propagated primarily through liquidity and risk-premium channels, rather than through a correlated-information channel. Aloui, Ben Aossa and Nguyen (2011) find strong evidence of time-varying dependence between each of the BRIC equity markets and the U.S. markets, but the dependency is stronger for commodity-price dependent markets than for finished-product export-oriented markets. Guo, Chen and Huang (2011) provide evidence on contagion among the stock market, real estate market, credit default market, and energy market during the financial crisis period, within a Markov regime-switching VAR framework. Finally, Chan et al. (2011) examine the relationships between returns over different asset classes (U.S. stocks and bonds, oil, gold and real estate) and find a "tranquil" regime characterized by a flight from quality (from gold to stocks), and a "crisis" regime with evidence of contagion between stocks, oil and real estate.
III. Methodology: The AG-DCC Model
Firstly, we specify the returns equation as follows:
(1)
where is a 2 × 1 vector including each returns series and   (1) term, following the conventional approach of the DCC framework. Next, the conditional variance-covariance matrix is specified as follows:
where P t is the time-varying conditional correlation matrix and D t is the diagonal matrix of the conditional standard deviation from univariate GARCH models with on the ith diagonal.
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In this study, the , i t h element in D t is assumed to follow the univariate GARCH (1,1) model as:
where is a random variable with zero mean and unit
variance and h i,t is the conditional variance of the returns series. In order to ensure positive and stable conditional variances, the coefficients must satisfy the constraints a 1 > 0 and a 1 + β 1 < 1 (persistence). Furthermore, a random variable z i,t is assumed to have a generalized error distribution.
By obtaining the conditional variances from equation (3), the evolution of the correlation in the standard DCC model (Engle, 2002) is given by:
where and α and b are scalars such that α + b < 1. The   t t P E z z  model described by equation (4), however, does not allow for asset-specific news and smoothing parameters or asymmetries. The evolution of the asymmetric generalized DCC (AG -DCC) model (Cappiello, Engle and Sheppard, 2006 ) is provided by: Cappiello, Engle and Sheppard (2006) follow an extensive model selection procedure to estimate univariate volatility by fitting univariate GARCH specifications to each of the return series and selecting the best one according to the Bayesian information criterion. The reason for this procedure is to minimize the risk that the univariate models will provide inconsistent correlation estimates. However, Engle and Sheppard (2005) find that the estimation of univariate models has little consequence, and as many univariate models produce relatively similar volatility patterns, the correlations would be relatively insensitive to the model at least within a reasonable class.
where and are the unconditional correlation matrices of z t and n t P N and A, B and G are k × k parameter matrices. The negative standardized residuals for asymmetric impacts n t are defined by
is an indicator function that takes a value of one if the argument is true and zero otherwise, while "q" indicates the Hadamard product.
Within the setting provided by the AG-DCC model (equation 5), the time-varying correlation matrix is calculated by the following formula:
where is a diagonal matrix with a square root of the ith diagonal of
IV. Data and Crisis Identification
The data set comprises daily closing market indices from various regions and six different asset classes around the world. This study uses six Morgan Stanley Capital International (MSCI) developed and emerging aggregate equity market indices (Developed Europe, Developed Pacific, Emerging Europe, Emerging Latin America, Emerging Asia and BRIC), and the U.S. S&P 500. The other five asset classes are bonds (German ten-year Bund index and Brazilian twenty-year bond index), commodities (S&P Goldman Sachs Commodity Index), shipping (Baltic Dry Index), foreign exchange (Trade Weighted Exchange index) and real estate (MSCI U.S. Real Estate Investment Trust index). 4 Following the conventional methodology, assets returns are calculated as the first difference of the natural log of each price index.
One difficulty in testing for contagion is that there is no a single event to act as a definite catalyst behind the turmoil periods. Compared to other financial crises (e.g., Asian crisis in 1997-98 and internet bubble crisis in 2001), many researchers determine the crisis length ad-hoc based on major economic and financial events (Forbes and Rigobon, 2002) . Other studies use Markov regime switching models to identify the crisis period endogenously (Boyer, Kumagai and Yuan, 2006; and Dungey et al., 2011) . On the other hand, other researchers extend models to allow for structural breaks in mean and/or dynamics and choose to include a break on a specific date according to their expectations and inspection of the data (Cappiello, Engle and Sheppard, 2006) . It is worth to mention that, in order to define correctly the crisis period, studies on financial contagion are in some degree arbitrary. According to Baur (2012) , even studies that avoid discretion in the definition of the crisis period use discretion in the choice of the econometric model to estimate the location of the crisis period in time.
The sample period is from According to these timelines, the end of July 2007 is considered as the starting date of the crisis. The crisis start is justified by the deterioration of liquidity in the money market during August 2007 following negative announcements by investment banks and leading to central bank intervention. The period that marks the end of this crisis (early 2009) can be characterized by the absence of negative news and a financial market rally (a phase described as "stabilization and tentative signs of recovery", according to the official timelines).
6 Table 1 reports the summary statistics for the equity returns. All emerging markets have positive equity mean returns with almost positive skewness and low excess kurtosis over the sampling period, with the exception of BRICs. On the contrary, developed equity market indices display negative mean returns with negative skewness and 5. Recently, Baur (2012) uses both key financial/economic events and estimates of excess volatility to identify the GFC period. He finds that estimates of a crisis regime are all located within the crisis period based on economic and financial news events.
6. This length of the crisis period has been used by several studies so far (Dooley and Hutchison, 2009; Bekaert et al., 2011) . positive kurtosis, while the U.S. market is the worst equity return performer. Table 2 provides summary statistics for the other asset markets. Positive mean returns are observed for the two bond indices (Brazil and Germany), as well as for the commodity, real estate and shipping indices, with negative skewness and positive kurtosis. This is not the case for the TWEI, which exhibits negative mean return, confirming the depreciation of the USD against the other foreign currencies due to the financial crisis. Finally, the relevant Jarque-Bera statistics indicate rejection of the normality hypothesis for both equity and other asset markets' returns. Figure 1 illustrates the evolution of the seven aggregate stock market indices during the period 2000-2009. The figure shows strong co-movements among all emerging equity markets and significant declines in the levels during 2008, while the developed markets exhibit a weaker downturn movement during the crisis period. Figure 2 illustrates the performance of the other asset market indices for the same period. The graph shows a strong downturn co-movement among U.S. REIT, Baltic Dry and S&P GSC indices during 2008, while TWEI and the two bond indices seem to be the least affected or even unaffected by the GFC. 
V. Empirical Results

A. Unconditional Average Correlations
Tables 3 and 4 summarize information about the distribution of the unconditional average correlations among the seven stock indices and among all asset markets, respectively, during stable (pre-crisis) and crisis periods. T-test statistics are employed in order to examine whether unconditional correlations are significantly different across the two periods. Specifically, the null hypothesis (H 0 ) is tested against the one-sided alternative (H 1 ) that the turmoil unconditional correlations are greater at the 10%, 5% and 1% significance levels. From table 3, the results show an increase in the correlations among developed and emerging markets during the crisis period at different significance levels. However, the pairwise correlations among S&P500 and each of the other equity market indices do not increase during the period and is their average correlation during the pre-crisis (stable) period, S AB is the B X pooled estimate of standard deviation of turmoil correlation series (A) and pre-crisis correlation series (B), while n A and n B are the number of observations of A and B, respectively. The t-value is compared with critical (theoretical) values of t th , corresponding to the given degree of freedom N (in the present case N = n A + n B -2) and the confidence level chosen. If t > t th , then H 0 is rejected. crisis period, and in some cases are reversed from positive to negative (-0.021 for S&P500-BRIC, -0.015 for S&P500-DEUR, and -0.001 for S&P500-EMLAMER, during the crisis period). A switch to negative correlation during the crisis period is also observed among the Developed Pacific (DPAC) and BRIC equity market indices (-0.049).
From the estimated unconditional correlations reported in table 4, the correlations across stable and turmoil periods do not increase between the Baltic Dry index (SHIP) and S&P500 (from 0.161 to -0.123) and for the pairs of REIT-SHIP (from 0.082 to -0.098) and S&P500-TWEI (from 0.353 to -0.011). On the other hand, the historical inverse relationship between equities and commodities does work during the crisis period, since a statistically significant increase in Note: This table reports unconditional correlations among equity markets during crisis and stable (pre-crisis) periods. To check whether the estimated unconditional correlations are significantly different across the two periods, t-test statistics are employed. The rejection of the null hypothesis against the one-sided alternative that the turmoil correlation is greater, at the 10%, 5%, 1% significance levels, is denoted by *, **, ***, respectively. correlations is observed between S&P500 (and REIT) and S&P GSCI (COMM). The larger increase in correlations across the stable and turmoil periods is observed for the pairs of REIT-S&P GSCI (from -0.098 to 0.212) and REIT-S&P500 (from 0.349 to 0.775, the largest increase of correlation across the two periods). Finally, correlations among equities (S&P500) and the two bond indices also increase during the crisis period.
B. Estimates of Dynamic Conditional Correlations
Tables 5 and 6 report average conditional correlations among equity Note: This table reports unconditional correlations among asset markets during crisis and stable (pre-crisis) periods. To check whether the estimated unconditional correlations are significantly different across the two periods, t-test statistics are employed. The rejection of the null hypothesis against the one-sided alternative that the turmoil correlation is greater, at the 10%, 5%, 1% significance levels, is denoted by *, **, ***, respectively. indices and among asset classes, respectively, across the stable (pre-crisis) and crisis periods by using the AG-DCC model [equations (5) and (6)]. Again, t-test statistics are performed in order to check the statistical significance of the estimated conditional correlations across the two periods.
From table 5, turmoil conditional correlations are substantially greater than unconditional correlations in most cases, supporting the presence of asymmetric responses to negative shocks. The signs of the pairwise conditional and unconditional correlations among the equity indices across the stable and crisis periods are the same. Exceptions are the pairs of S&P500-DEUR (from 0.256 to 0.054) and (pre-crisis) periods. Estimates are obtained using the AG-DCC GARCH model (equations 5 and 6). To check whether the estimated conditional correlations are significantly different across the two periods, t-test statistics are employed. The rejection of the null hypothesis against the one-sided alternative that the turmoil conditional correlation is greater, at the 10%, 5%, 1% significance levels, is denoted by *, **, ***, respectively. S&P500-EMLAMER (from 0.168 to 0.075). In general, turmoil conditional correlations among equity markets (developed and/or emerging) are statistically significant and greater than "stable" correlations. Exceptions are the pairs of S&P500-DPAC (from 0.09 to 0.05), S&P500-EMASIA (from 0.12 to 0.09), S&P500-EMEUR (from 0.08 to 0.05) and S&P500-EMLAMER (from 0.17 to 0.07). Figure 3 illustrates the evolution of the estimated dynamic conditional correlations dynamics among BRICs and the other six regional equity indices. According to this graph and the estimates in table 5, a significantly increase in turmoil conditional correlations is Note: This table reports conditional correlations among the asset markets during crisis and stable (pre-crisis) periods. Estimates are obtained using the AG-DCC GARCH model (equations 5 and 6). To check whether the estimated conditional correlations are significantly different across the two periods, t-test statistics are employed. The rejection of the null hypothesis against the one-sided alternative that the turmoil conditional correlation is greater, at the 10%, 5%, 1% significance levels, is denoted by *, **, ***, respectively. observed for the pairs of BRIC-DEUR, BRIC-EMASIA, BRIC-EMLAMER and BRIC-EMEUR. On the contrary, BRICs seems to decouple from the developed stock indices of S&P500 and DPAC, since their conditional correlations are decreased during the crisis period. This finding supports the decoupling of BRIC equity markets and implies that those markets may provide diversification benefits to international investors. This is not consistent to Dooley and Hutchison (2009) and Aloui, Ben Aossa and Nguyen (2011) , who find strong evidence of time-varying dependence between each of the BRIC equity markets and the U.S. stock market.
The results reported in table 6 show that average conditional correlations among U.S. stock market (S&P500), commodities (S&P GSCI) and real estate (MSCI REIT) are significantly positive and higher during the crisis period than the pre-crisis period, supporting the contagion phenomenon (from 0.383 to 0.799 for REIT-S&P500, from -0.115 to 0.243 for REIT-COMM and from -0.036 to 0.279 for S&P500-COMM). All three indices show strong evidence of asymmetries in their pair-wise conditional correlations, suggesting that real estate and commodities provide reduced hedging potential against the stock market downturn. This finding is in line with the results of Guo, Chen and Huang (2011) and Chan et al. (2011) . A statistically significant increase in turmoil conditional correlations is also observed among the emerging Brazilian bond index and the two U.S. markets (0.086 for REIT-BRAZ and 0.121 for S&P500-BRAZ), confirming the existence of a contagion mechanism. The dynamic condition correlations behavior among the above four asset indices over time is displayed in figure 4 . 
C. Statistical Analysis of Dynamic Conditional Correlations during the Crisis Period
In order to assess the impact of the GFC, the evolution of the dynamic conditional correlations (DCCs) is also examined by using a regression with a constant and a crisis dummy. In this set up, we test for an increase in DCCs during the crisis period by employing a dummy variable as follows: (7), this analysis tests whether the GFC significantly alter the dynamics of the estimated conditional correlations among the markets under examination. In other words, a positive and statistically significant dummy coefficient indicates that the correlation during the GFC is significantly different from that of the stable period, supporting the existence of a contagion effect. Tables 7 and 8 report the estimated results. Overall, the results based on the dummy coefficients estimates support the findings of the average conditional correlations analysis provided in the previous subsection. Specifically, the coefficients of the dummy variable ξ 1 among S&P500 and all other regional equity indices are statistically significant and negative, indicating that the GFC lowered the dynamic conditional 8. In order to check the robustness of the estimated average conditional correlations, we also conduct a sensitivity analysis of variations in the start date of the crisis with a fixed crisis period length and of variations in crisis and stable periods' length with a fixed start date of the crisis. The outcome of this analysis demonstrates that period definition (tranquil and turbulent periods) does not affect the central results, while any observed changes in average conditional correlations estimates among markets are rather small and insignificant.
correlations for these pairs (see table 7 ). Furthermore, coefficients ξ 1 are also negative and statistically significant among stock index of BRIC and S&P500 and DPAC, supporting the decoupling of BRIC equity markets. However, this is not the pattern among the other pairs of developed and emerging markets, since the dummy coefficients are positive and statistically significant.
The results of DCCs dynamics among asset markets are presented in table 8. The coefficients of the dummy variable ξ 1 among U.S. stock market (S&P500), commodities (S&P GSCI) and real estate (MSCI REIT) are positive and statistically significant, supporting the contagion effect. On the other hand, the GFC decreased the conditional correlations among the U.S. stock and real estate markets (S&P500 and for the dynamic conditional correlations (DCCs) among equity indices using a dummy variable during the GFC. δ 0 is the constant, while ξ 1 is the crisis dummy variable coefficient. A positive and statistically significant dummy coefficient indicates that the correlation during the GFC is significantly different from that of the stable period, supporting contagion. ***, ** and * represent statistical significance at 1%, 5% and 10% levels, respectively. MSCI REIT) and the other three asset indices (TWEI, SHIP and BUND), since the crisis dummy coefficients are negative and statistically significant. The final step is to focus on the robustness of the changes in estimated DCCs presented in tables 7 and 8 by taking into account the effects of asynchronous trading across markets. Following the existing literature (Forbes and Rigobon, 2002) , returns are calculated as rolling-average, two-day moving averages on each index. Appendix table A1 displays the estimates of equation (7) for equity markets, while table A2 for asset markets. The analysis finds no significant difference using daily vs. two-day returns. Note: This table reports estimates based on equation 7 for the dynamic conditional correlations (DCCs) among asset markets using a dummy variable during the GFC. δ 0 is the constant, while ξ 1 is the crisis dummy variable coefficient. A positive and statistically significant dummy coefficient indicates that the correlation during the GFC is significantly different from that of the stable period, supporting contagion. ***, ** and * represent statistical significance at 1%, 5% and 10% levels, respectively.
VI. Conclusions
This study investigates the contagion effects of the GFC across multiple asset markets, borders and regions, using a data set of six different asset classes during the period 2000-2009. To provide a robust analysis of contagion, we estimate and compare average conditional correlations among markets, and especially between the two U.S. "crisis" indices (S&P500 and MSCI REIT) and all other markets, across the stable and crisis periods. The analysis is also extended by using a dummy variable for the crisis period in order to investigate the dynamic feature of the conditional correlation changes.
A good understanding of the linkages between different assets is an important consideration when designing investment portfolios. Any proposed benefits from portfolio diversification across assets depend on the relationships between their returns. The results show: i) increasing linkages among equity markets (developed and/or emerging) across the tranquil and turmoil periods; ii) the U.S. stock market shares the lower positive correlations with the other regional equity markets during the crisis period; iii) the decoupling of BRIC equity markets from the developed U.S. and Pacific equity markets; iv) the existence of a contagion mechanism among the U.S. stocks, real estate, commodities and emerging Brazilian bond index; v) shipping and foreign exchange value of the U.S. dollar indices may provide diversification benefits for U.S. stocks and real estate; and vi) a flight to quality from the risky U.S. assets (stocks and real estate) to the German Bund.
The findings have important implications for policy makers regarding the linkages among the markets during the GFC. In particular, they should carefully examine and uncover the underlying primary driving forces behind the crisis, and take precautions against the potential risk factors in making future policy decisions. It is critical for policymakers to guide investors to pay special attention to those unexpected factors arising from various markets. This study thus provides useful information about the behavior of asset markets through the crisis and can assist policy makers and investors to reduce the costs of a financial crisis in the future. Future research may include into the analysis the post crisis regime (from Q2 2009 onwards) and the investigation of the other two transmission channels appeared in the literature, since the correlated-information channel seems that does not fully work as a contagion mechanism in this study. for the dynamic conditional correlations (DCCs) among 2-day moving average equity market returns with a dummy variable during the GFC. δ 0 is the constant, while ξ 1 is the crisis dummy variable coefficient. A positive and statistically significant dummy coefficient indicates that the correlation during the GFC is significantly different from that of the stable period, supporting contagion. ***, ** and * represent statistical significance at 1%, 5% and 10% levels, respectively. 
